ABSTRACT A novel reliability evaluation methodology of complex systems is proposed using dynamic object-oriented Bayesian networks (DOOBNs). This modeling methodology consists of two main phases, namely, construction phases for object-oriented Bayesian networks (OOBNs) and for DOOBNs. In the first phase, the network fragments with similar structures and parameters are divided into classes; these classes are then encapsulated. The construction of OOBNs is completed according to the relationship among the encapsulated classes. In the second phase, every fragment of the dynamic Bayesian networks that was constructed by the first phase is encapsulated as a class called DOOBN. The construction of DOOBNs is completed according to the relationship among the time fragments. The accuracy of this methodology is validated using the all-series, all-voting, voting-after-series, series-after-voting, parallel-after-series, and series-after-parallel systems. This methodology is further illustrated and verified by using deepwater blowout preventer system and can model the system from global to local levels, thereby effectively reducing modeling difficulty and adopting efficient arithmetic reasoning algorithms.
I. INTRODUCTION
Modern industry systems are becoming increasingly complex and large. Thus, an increase in faults significantly affects the reliability and availability of these systems. Complex industry systems include copies of similar or even nearly identical subsystems. For example, a subsea production system consists of numerous similar subsea control systems, and each subsea control system includes many similar feedback control loops [1] . Therefore, a reliability and availability evaluation method for this type of complex industry system should be developed [28] .
Bayesian network (BN) is an important probabilistic graphical model that can effectively handle various uncertainty problems based on probabilistic information representation and inference [2] , [29] . BN is relatively attractive as a representational tool for three reasons. First, BN is consistent and completely represents and defines a unique probability distribution over network variables. Second, the network is modular, hence its consistency and completeness are ensured by using localized tests, which are only applicable to variables and their direct causes. Third, BN is a compact representation because it allows specifying exponentially sized probability distribution using a polynomial of probabilities [3] . Thus, this tool is intensely researched and extensively used in the domains of reliability, risk, and fault diagnoses [4] - [6] , [30] , [31] . For example, Cai et al. [7] used BN models to perform the reliability evaluation of subsea blowout preventer (BOP) control systems. Der Kiureghian [8] developed novel algorithms for the modeling and reliability assessment of infrastructure systems using BNs. Barua et al. [9] presented a BN-based operational risk assessment methodology for dynamic systems. Daemi et al. [10] proposed a BN-based reliability assessment methodology of composite power systems by emphasizing the importance of system components. Moreover, Wu et al. [11] proposed a probabilistically analysis method for natural gas pipeline network (NGPN) accidents by using BNs. The combination of BNs and Dempster-Shafer evidence theory was alternatively used to evaluate NGPN accidents. Bhandari et al. [12] investigated the applicability of BNs in conducting a dynamic safety analysis of deepwater managed pressure drilling operations and underbalanced drilling. Important factors were addressed to distinguish the importance of identifying each cause of potential accidents.
BNs are appropriate because evaluating the reliability of objects in real time excludes temporal features. However, if the reliability is predicted in the future, then temporal features are involved, and dynamic BNs (DBNs) are required. For example, Cai et al. [13] used DBNs to analyze the reliability of a series, parallel, and two-out-of-three (2oo3) voting systems given the common-cause failure, imperfect coverage, imperfect repair, and preventive maintenance; furthermore, these researchers presented a DBN-based quantitative risk assessment method that specifically considers human factors on offshore blowouts [14] . Schneider et al. [15] presented a modeling and computational framework to study the reliability of deteriorating structural systems using DBNs. Zhu and Collette [16] proposed a novel scheme based on the DBNs to estimate the low-probability failure event. This new method compensates for the deficiency of traditional methods, which cannot accurately track low-probability failure events when discretizing certain types of continuous random variables is required. Cai et al. [17] introduced a novel safety integrity level determination methodology for safety-instrumented systems by using multiphase DBNs. Khakzad [18] proposed the application of DBN to the risk analysis of domino effects in chemical infrastructures to model the spatial and temporal evolutions of domino effects, which are characterized by low-frequency, highconsequence chain of accidents, and to quantify the most probable sequence of accidents in a potential domino effect. Foulliaron et al. [19] introduced several specific DBN structures to improve degradation modeling and perform reliability analysis.
If an evaluated object is excessively complex for modeling using BNs, especially when the object consists of collections of identical or similar components, then establishing a BN-based reliability evaluation model is difficult and tedious. Alternatively, object-oriented BNs (OOBNs) are suitable tools in evaluating the reliability of objects with large, complex, and hierarchical structures [20] . For example, Cai et al. [21] proposed a real-time fault diagnosis methodology for complex systems with repetitive structures by using OOBNs; this methodology can reduce the overall complexities of BNs for fault diagnosis and report the faults that occur immediately. Weber and Jouffe [22] presented a methodology that can help develop dynamic OOBNs given the increasing requirement for optimizing the diagnosis and maintenance policies. Jensen et al. [23] used BNs to estimate the risk indexes of leg disorders for finisher herd. An object-oriented structure was used to simplify the specification because the information originated from two levels. Weidl et al. [24] developed a methodology that uses generic OOBNs for digesting and screening a pulp to meet the requirement of the diagnosis processes in plant operation and maintenance. Liu et al. [25] used an extended OOBN as the underlying mathematical tool for presenting a modeling risk management process in a large, complex, and dynamic system.
The concepts of ''dynamic'' and ''object-oriented'' should be used to solve the problems of degraded components and repetitive systems in reliability evaluation. This work proposes a reliability evaluation methodology of complex systems based on DOOBNs. The remainder of this paper is structured as follows: Section 2 presents the DOOBNbased complex system reliability evaluation methodology. Section 3 discusses the reliability of a series, parallel, and 2oo3 voting system. Section 4 analyzes a case of subsea BOP system to demonstrate the applicability the proposed DOOBN modeling. Section 5 summarizes the paper.
II. PROPOSED RELIABILITY EVALUATION METHOD FOR COMPLEX SYSTEMS
A. OVERVIEW OF BNs, OOBNs, AND DBNs BNs, or static BNs, are probabilistic-directed acyclic graphical models that use nodes to represent a random variable, arcs to signify direct dependencies between the linked nodes, and conditional probabilities to quantify dependencies. Static BNs are most extensively used in the field of reliability evaluation because many monographs have introduced BNs in detail. However, this introduction is not repeated in this paper.
Similar network segments can be observed constantly in complex BN systems. In Figure 1 , all the state space of A and B are similar, and C, D, and E demonstrate similar conditional probability distributions, thereby indicating that Inst. 1-4 are similar network segments. The OOBNs use the concept of classes and objects in programming ideas. A class is a generic network fragment, that is, a BN; an object is a fragment generated by instantiating the class. The nodes in a class or object can be classified into three categories, namely, input, output, and encapsulated. Input and output nodes are considered object interfaces. OOBNs provide an approach to achieving a hierarchical representation of the model when an object is encapsulated in other objects, and each level corresponds to a particular level of abstraction, thereby revealing the encapsulated nodes for the current layer of the object.
DBNs combine the static BN with time information, thereby forming a random data model. The time step of each model is called a time slice. The structure is easy to find, 
B. DOOBNs FOR RELIABILITY EVALUATION
Repeated segments for the reliability evaluation of complex dynamic systems for BN models not only exist in static BNs but also in the entire DBNs. That is, many network segments are repeated in a single time slice, whereas the entire time slice is considered a repeated network segment for the entire complex system. Therefore, DOOBNs are developed to describe this type of complex dynamic systems.
The modeling process of the methodology has two steps. The first step is finding the same or similar fragments in a static BN. Encapsulated irrelevant information is subsequently defined as a class according to the relationship between a class and other segments of a network to establish the static OOBNs. In Figure 3 , the network segment of C1-C2 is encapsulated as the object, and then the static network is established. The second step is observing at the entire time slice. Time0 is a class, and all of the time slices belong to this class. A secondary node should be added before the nodes change over time because an encapsulated node cannot change. Figure 3 also illustrates that A1I1 and A1O1 are considered the input and output nodes in the DOOBN nodes, respectively. Node A is only a placeholder. Its value is determined by its parent node. Ultimately, the entire OOBN is established according to the transfer conditional probability tables (CPTs) of each time slice.
In the proposed DOOBN-based reliability evaluation model, the root nodes represent the state of components in an evaluated system, and the final leaf node represents the state of the entire system. Many intermediate nodes are set between the root and the final leaf nodes to simplify the networks. The structures and parameters of the networks are established based on the causal relationship of the components and system state, that is, reliability and availability. The failure and repair rates of the components directly affect their reliability and availability. Moreover, these components are modeled using the CPT. The reliability and availability of the system can be calculated by using suitable inference algorithms, including exact and approximate. Inference can be performed using commercial or free software, such as Hugin.
DOOBNs provide the following advantages by comparing general BNs and DBNs. First, the DOOBNs support topdown model construction process. Second, DOOBNs are constructed by integrating minimal and understandable network fragments, thereby benefiting knowledge acquisition and communication between modelers and domain experts. Third, this approach reduces the complexity of building BNs and improves the reusability of models. Finally, DOOBNs exhibit a high average rate of convergence and time efficiency because of encapsulation and hierarchy.
III. RELIABILITY EVALUATION OF SERIES, PARALLEL, AND 2oo3 VOTING SYSTEMS
Series, parallel, and voting systems are commonly used for demonstrating reliability evaluation methodology. In the current work, the series, parallel, and voting systems with three similar components are combined to form new systems, as depicted in Figure 4 . The BN model of these systems is displayed in Figure 5 , and their reliability and availability are calculated to verify the accuracy of the proposed method. This model can be used to represent the all-series, all-voting, voting-after-series, series-after-voting, parallelafter-series, and series-after-parallel systems by changing the relationships of C1_X, C2_X, and C3_X (X represents 1, 2, and 3) and of C4_1, C4_2 and C4_3. The two states of the root and intermediate nodes are ''No'' and ''Yes,'' while the two states of node ''C_System,'' which represents the entire system, are ''Work'' and ''Fail.'' Each network is similar in structure but different in the relationship between parent and child nodes, which is represented by CPT.
A. DOOBN-BASED RELIABILITY EVALUATION FOR SYSTEMS WITH EXPONENTIAL DISTRIBUTION
In Figure 6 , the BN (Time_1) is extended to the DBN (Time_2). The CPT is summarized in Table 1 . The root nodes are under exponential distribution, hence the removal of CPT has no correlation. The root node is determined by t. Reliability and availability are important indicators for evaluating industrial systems. Reliability is for nonrepairable systems, and availability is for repairable systems. Figure 7 illustrates the reliability and availability curves of the six systems in 140 weeks. The three figures depict that the availabilities decreased rapidly and reached stable levels at different times in various systems. The reliabilities decreased constantly because no repair actions occur. The reliabilities of the all-series, all-voting, votingafter-series, series-after-voting, parallel-after-series, and series-after-parallel systems gradually decrease maintenance can significantly improve the performance of the system. Among the six systems, the reliability and availability of the all-series system are at the minimum, whereas those of the all-voting system are at the maximum. The results are found to be completely consistent by comparing the proposed method with the traditional methods, such as Markov, thus proving the accuracy of the proposed method. 
B. DOOBN-BASED RELIABILITY EVALUATION FOR SYSTEMS WITH WEIBULL DISTRIBUTION
In the reliability evaluation, the exponential distribution is generally applicable to the electronic control system, whereas the failure law of mechanical components is near the Weibull distribution. In Table 2 , the transition CPT is related not only to t but also to t, which is no longer a constant. Consequently, the removal of time state cannot be accomplished by simply changing the relationship between nodes C1I1 and C1O1. The intermediate node C1M1 should be added between nodes C1I1 and C1O1. The transition CPT is represented by the relationship between nodes C1O1 and C1M1, and nodes C1M1 and C1I1 are entirely consistent, as depicted in Figure 8 . Figure 9 presents the reliability and availability curves of the six mechanical systems. The three figures show that the availability curves of the six mechanical systems rapidly and more dramatically decreased than the curves of the exponential distribution. The availability curves of the systems with Weibull distribution is not maintained at stable values but declines continuously. The tendency of the availability curves is slower in the systems with Weibull distribution than in the systems without maintenance; this result is consistent with the failure regularity of the mechanical systems. Figure 8 depicts that the reliabilities of the all-series, allvoting, voting-after-series, series-after-voting, parallel-afterseries, and series-after-parallel systems decline to 86.87%, 99.999895%, 99.5%, 99.75%, 99.99544%, and 99.99864% in the 140th week, correspondingly, and the availabilities of these systems decline to 97.24%, 99.999999822%, 99.9814%, 99.9874%, 99.9999716%, and 99.9999785% in the 140th week, respectively. These results are entirely consistent compared with the conventional methods, thereby validating the accuracy of the proposed method.
IV. RELIABILITY EVALUATION OF DEEPWATER BOP SYSTEM A. INTRODUCTION OF CONFIGURATION OF DEEPWATER BOP SYSTEM
A typical configuration of the BOP mechanical system is displayed in Figure 10 . Generally, a traditional BOP mechanical system comprises two annular, one shear-blind ram, and three pipe ram BOPs. Moreover, a modern BOP mechanical system consists of two annular, two shear-blind ram, one testing pipe ram, and three pipe ram BOPs. The plurality of valve groups, elastic joint, riser connector, and wellhead connector are observed in a BOP mechanical system. Several basic assumptions are formulated:
(1) Only the different combinations of subsea BOP are considered, and the influence of the other parts on the system, such as joints and connectors, are ignored; This condition is due to the main faults occur in the annular, shear-blind ram, pipe ram, and testing pipe ram BOPs [7] , [13] , [26] , [27] but not in the various joints and connectors because the current work aims to study only the configurations of BOPs.
(2) Only the failures with a high probability of occurrence or significant influence on the system are considered VOLUME 6, 2018 and investigated, whereas the failure with a low probability of occurrences and slight influences on the system are ignored for simplification.
(3) The distribution of the different failures is presented as follows. The wear-out failure in rubber satisfies the Weibull distribution. Maintenance satisfies the exponential distribution. Random events, such as locking by drill cutting, are calculated according to the probability of occurrence.
B. RELIABILITY MODEL OF THE DEEPWATER BOP SYSTEM
An annular BOP, or a universal BOP, is mainly used for sealing different sizes of drill pipes, tubing and casings, and open holes. A common annular BOP has three types, namely, spherical, conical, and combined rubber cores. Conical rubber core BOP is widely used because of its advantages, such as extended stroke and simple structure. This type of BOP mainly consists of a shell, rubber core, support cylinder, and hydraulic components. This work investigates the conical rubber core BOP. Table 3 summarizes the common failure modes of the annular BOP, which mainly consists of the rubber core rubber failure, rubber core bracing steel bar fracture failure, support cylinder failure, and blockage of the liquid channel. Figure 11 displays the static BNs of the annular BOP. The input nodes and transfer CPT of Node Annular 1, 2, 9, and 10 are similar to those in Table 2 because these input nodes satisfy the Weibull distribution. Table 3 lists the basic parameters. η and β are two basic parameters of the Weibull distribution. µ is a basic parameter of the exponential distribution when maintenance occurs. Annular 4, 6, and 7 are random events. Parameter ''a'' in Table 3 represents the probability of random events. Figure 12 depicts the static BNs of the shear-blind ram BOP. Node Blind 2, 3, 6, 7, 9, 10, 13, and 16 satisfy the Weibull distribution. These node blinds are considered input nodes because the transfer CPT is similar to that in Table 2 . Node Blind 1, 12, and 17 are random events. The basic parameters of the two distributions are presented in Table 4 The pipe ram BOP is mainly used for sealing well holes with the tube. The pipe ram BOP can seal higher pressure than the annular BOP. The basic structure of the pipe ram BOP is similar to the shear-blind ram BOP, but the ram structure is different. In Table 5 , the common failures of the pipe ram BOP are mainly the top seal leakage, front seal leakage, hydraulic system leakage, and locking mechanism hydraulic component failure. Figure 13 illustrates the static BNs of a pipe ram BOP. Pipe 1, 2, 6, 7, 10, 13, and 14 satisfy the Weibull distribution. These pipes are considered input nodes because the transfer CPT is similar to that in Table 2 . Node Pipe 4 and 9 are random events. The basic parameters of the two distributions are presented in Table 5 Figure 14 (a) shows the evaluation model of the traditional deepwater BOP system based on the OOBNs. Two annular BOPs in the traditional type of deepwater BOP system are mutually redundant and therefore demonstrate a parallel relationship and are represented by the node Annular. Three pipe ram BOPs are also mutually redundant and hence exhibit a parallel relationship and are represented by the node Pipe. Therefore, the annular, pipe ram, and shear-blind ram BOP groups are in series. The whole system is represented by the node BOP-S. Figure 14 (b) depicts the evaluation model of a modern common deepwater BOP system. The main difference between the two types of BOP is that a modern deepwater BOP has additional sets of shear-blind and test pipe ram BOPs. The shear-blind ram BOP causes redundancy with the existing type of BOP, whereas the test pipe ram BOP is used to detect the entire system. The shear-blind ram BOP can only be used to seal pressure from the upper part but not the oil pressure from the bottom part. Its main purpose is to increase the efficiency of detection.
Auxiliary nodes, such as Annular 1I1 and 1O1, can be added through the method proposed in Section 2 to satisfy the Weibull distribution (Annular 1I1, 1O1, and 1 are a one-toone correspondence). Based on DOOBNs, Figure 15 presents a deepwater BOP system model that extended three time slices by adding auxiliary node Annular 1M1 between two time slices. The node can be transferred by changing the relationship between the previous time slice and the intermediate node Annular 1O1. Annular 1M1 and 1I1, in which the nodes of the latter time slice, also have a one-to-one correspondence. Figure 16 demonstrates the reliability and availability curves of the traditional and modern deepwater BOP systems. The reliability and availability of any type of BOP system decrease gradually with time. On the 36th week, the reliability and availability of the traditional system were reduced to 99.9166191% and 99.9890985%, respectively. The reliability and availability of modern systems decreased to 99.99840% and 99.99997%, correspondingly. In addition, the reliability and availability of the modern BOP system are clearly improved, thereby indicating that the redundant structure of the shear-blind ram BOP significantly increased the reliability and availability of the system. The value of availability is significantly higher than the value of reliability within the same type of BOP, thereby showing that maintenance can significantly improve the performance of the system.
C. STUDY ON THE RELIABILITY AND AVAILABILITY OF DEEPWATER BOP

V. CONCLUSION
In this paper, a method for DOOBN-based reliability evaluation of complex dynamic systems is proposed. Six general systems, namely, the all-series, all-voting, voting-after-series, series-after-voting, parallel-after-series, and series-after-parallel systems, are used to validate the proposed method. The reliability and availability of a complex mechanical system, such as deepwater BOP system, are also analyzed using the proposed method. Several contributions of this work are summarized.
(1) This reliability modeling methodology consists of two main phases, namely, the construction phases of OOBNs and of DOOBNs. Systems with exponential and Weibull distribution can be modeled using the proposed methodology.
(2) The availability curve for the six systems used in exponential distribution decreased rapidly and reached stable levels at different times in various systems, and the reliability curve decreased constantly because no repair actions occur.
(3) For the same systems with Weibull distribution, the availability curves rapidly and more dramatically decreased than the curves of the exponential distribution. The availabilities are not maintained at stable values but continuously decrease. The tendency of the availability curves is slower in the systems with Weibull distribution than in the systems without maintenance.
(4) The shear-blind and testing pipe ram BOPs can significantly improve the reliability and availability by comparing the traditional and modern BOP systems through the DOOBN-based method. 
